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ABSTRACT
Millions of people participate in marathon events every year, typ-
ically devoting at least 12-16 weeks to building their endurance
and fitness so that they can safely complete these gruelling 42.2km
races. Most runners follow a training plan that is tailored to their
expected finish-time (e.g. sub-4 hours or 4-5 hours), and these plans
will prescribe a complex mixture of training sessions to help them
achieve these times. However, such plans cannot adapt to the indi-
vidual needs (fitness levels, changing goals, personal preferences)
of runners, providing only broad training guidance rather than
more personalised support. The development of wearable sensors
and mobile fitness applications facilitates the collection of a large
amount of training data from runners. In this paper, we propose
a recommender system that utilizes such training data to deliver
more personalised training advice to runners, using ideas from case-
based reasoning to reuse and adapt the training habits of similar
runners. Explainability plays a significant role in this type of sys-
tem, and we also describe how the predictions and recommendation
advice can be presented to runners. An initial off-line evaluation is
presented based on a large-scale, real-world dataset.

CCS CONCEPTS
•Computingmethodologies→Machine learning algorithms;
Feature selection; • Applied computing→ Health informatics.
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1 INTRODUCTION
The number of people participating in endurance events, such as
marathons, is increasing yearly. While professional athletes may
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have a team of coaches and personal trainers to support their en-
deavours, recreational runners often have to fend for themselves.
Most recreational runners train by following reasonably generic
advice that is, at best, tailored to their projected or target finish-
time. The recent availability of wearable sensors and mobile fitness
applications promises to re-balance this state of affairs by facilitat-
ing the provision of tailored training advice [Boratto et al. 2018;
Cau et al. 2019; Monteiro-Guerra et al. 2019; Mulas et al. 2013],
personalised motivational supports [Boratto et al. 2017; Buttussi
et al. 2006; Hosseinpour and Terlutter 2019; Mulas et al. 2011; Pil-
loni et al. 2018], sophisticated performance analysis and prediction
[Bartolucci and Murphy 2015; Keogh et al. 2019], and even in-race
guidance [Berndsen et al. 2019]. In this work, we build on these
ideas by using raw training data to support marathon runners in
two important ways: (1) by predicting their projected marathon
time at different points in their training; and (2) by providing tai-
lored training recommendations based on their recent training and
their current performance goals.

Race-time prediction is an important task as many runners will
calibrate their training based on their estimated finish time. While
this task has been explored previously, the approaches have typi-
cally used data from the entire training process or past race-times
[Bartolucci and Murphy 2015; Claudino et al. 2019; Doherty et al.
2019; Keogh et al. 2019] to generate predictions just before race-day.
For example, the recent work of [Smyth and Cunningham 2017a,b,
2018a,b] was able to generate accurate finish-time predictions but
only if the runner had completed at least one recent marathon, and
as such it was not suitable for first-timers. Our focus is on making
in-training predictions, which can be generated for novices and
experts alike, based on their recent training sessions. These pre-
dictions not only serve to help the runner calibrate their race-day
goals but also help them to better understand the effectiveness of
their training.

Moreover, if their expectations change during training – if things
are going well they may want to opt for a more challenging goal
or vice versa if their recent training has been too challenging or if
they have suffered a disruption (e.g. an injury or period of illness) –
then they can request a revised training plan based on their recent
training and their new goals. While the promise of personalised
training recommendations has long been cited as an important goal
for these types of system [Monteiro-Guerra et al. 2019; Schneider
2017; Zahran et al. 2019] progress has so far been limited, notwith-
standing some noteworthy early attempts such as [Fister Jr and
Fister 2017]. This is, in part at least, because generating personalised
training plans ordinarily requires a deep domain model to use as
the basis for decision making and recommendation. In this work,

https://doi.org/10.1145/3383313.3412220
https://doi.org/10.1145/3383313.3412220


we propose an alternative approach, by using case-based reasoning
methods [Smyth 2007] to suggest training adjustments based on
the training of similar runners in the past, thereby harnessing their
training choices but without the need for a deep domain model.

In this work, we extend the recent work of [Feely et al. 2020].
Our main technical contribution is two-fold. First, we use feature
selection techniques to identify important, changing indicators of
training performance as training unfolds; we also show how we can
use past performance predictions as additional features for future
prediction setups. Second, we demonstrate how this new represen-
tational approach facilitates a more transparent and explainable
form of training recommendation for the end-user. The work is
evaluated using a real-world dataset of over 21,000 marathoners.

2 A CASE-BASED APPROACH TO
PERFORMANCE PREDICTION AND
TRAINING RECOMMENDATION

We describe our case-based approach to prediction and recom-
mendation and why this approach was chosen in the context of
marathon training.

2.1 Why a Case-Based Approach?
Most marathon training programmes involve 12-16 weeks of train-
ing, usually with 3-6 sessions per week depending on ability and
goals. They involve complex sequences of different types of sessions,
designed with different goals for different points in a training cycle
(e.g. building an endurance base vs. speed and strength). As such,
the ability to algorithmically generate and recommend a complex
multi-faceted training programme requires a deep understanding of
human physiology, running mechanics, and the particular mental
and physical challenges of the marathon event.

One of the advantages of case-based reasoning (CBR), is that
it can make up for a lack of a deep domain model: a CBR system
will solve new problems by reusing and adapting the solutions of
similar past problems, and there is a long history of using CBR in
applications where deep domain models are either not available or
are not feasible to use, from legal reasoning [Ashley 1991] to man-
ufacturing [Hinkle and Toomey 1995] to scheduling [Cunningham
and Smyth 1997]. In the context of marathon training, this suggests
that it may be possible to deliver more targeted training advice to a
runner by harnessing the training plans used by similar runners
at a similar point in their training cycle. For example, if a runner
who has been training for and is on-track to achieve a 4-hour fin-
ish, decides to target a 3:50 finish-time, then next week’s training
can be recommended from the plans of similar runners who have
achieved this faster time in the past. Note that the training plan
recommended based on similar runners is considered appropriate
since the runners achieved the target runner’s goal finish-time by
employing that specific training. This is a powerful idea. It means
that a coherent week of training can be recommended without the
need for a deep domain model. This is extremely beneficial since
marathon training is complex and success in the sport is multi-
factorial, making the domain model difficult to implement. The
essence of best practice for marathon running is contained in the
training plans which is what is utilized in the case-base reasoning
system. Additionally, case-based reasoning is preferable to other

forms of recommender systems techniques since it can harness the
type of data that is routinely collected by smart-devices and doesn’t
require explicit ratings or additional data from the runners.

2.2 A Feature-Based Representation of
Training Session Data

In this work, each individual training session/activity is comprised
of a sequence of timestamps and elevations (m) every 100m for
a particular training run. The timing information can be used to
calculate basic pacing information (minutes per km) as in the work
of [Feely et al. 2020]. Then, the training plan for runner r , can be
represented as a time-ordered sequence of activities; where each
activity Ai (r ) indicates the number of days before the race, d , the
activity’s pacing, P , and elevation data, E.

T (r ) =
{
A1(r ),A2(r ), . . . ,An (r )

}
(1)

Ai (r ) = (d, P ,E) (2)

2.3 Case Representation
We use this raw training data to generate a training case by aggre-
gating the activities on a week by week basis. Thus, the caseC(r ,w)

represents r ’s training in weekw and it is made up of three basic
components:

(1) F (r ,w) is a set of features which summarise r ’s training in
weekw .

(2) MT (r ) is the the marathon time achieved by r in their target
race.

(3) C(r ,w − 1) is a pointer to r ’s next week of training

Note thatw is weeks from the race so week 6 is 6 weeks from the
race. Hence w − 1 is closer to the race than w and refers to the
training week after w . In case-based reasoning parlance, F (r ,w)

corresponds to the problem description and will be used to deter-
mine case similarity, when comparing cases to some new target
problem, that is a query runner looking for finish-time predictions
and/or training recommendations. AndMT (r ) and C(r ,w − 1) are
case solutions, which will be adapted for finish-time prediction or
training recommendation if a case is reused for a query runner.

The descriptive features of a case, F (r ,w) are critical to the suc-
cess of any CBR solution: using the right features makes it possible
to identify meaningful similarities between cases facilitating rel-
evant retrieval and reuse. Using the wrong features will facilitate
incorrect reminding: irrelevant cases will be retrieved, and their
solutions will not be appropriate to the current target problem. In
this work, the basic features that make up F (r ,w) include: training
frequency (number of sessions and number of training days in the
week); total weekly distance; the distance of the longest activity;
the number of activities at different distances – <5km, 5-10km,
10-20km and >20km; the mean and standard deviation of weekly
pace; the fastest 1km, 5km, and 10km paces; the pace of the longest
activity; the average pacing split (the difference between first and
second half pacing in a session). These are all common features that
runners will pay heed to during their training. In addition, F (r ,w)

also includes cumulative pacing values, corresponding to the above



pacing features. This feature set is an extension of previous work
[Feely et al. 2020], with some new features.

2.4 Task 1: Race-Time Prediction
The purpose of this task is to generate an estimate for a query
runner r ’s marathon time w weeks from race-day. This will help
r to set and maintain realistic race expectations but it also helps
them to track how well their training is progressing relative to
their current goal-time; if their predicted race-time is much slower
than their goal-time, then it may be time to reassess their goal or
adjust their training, for example. In what follows, we will describe
three alternatives to generating such a finish-time prediction for r
at weekw .

2.4.1 Baseline (B).. The simplest approach is to use F (r ,w) in
C(r ,w) as a query to select the k most similar cases (c ′1, ..., c

′
k ) based

on the similarity between F (r ,w) in the query, and the correspond-
ing F (r ,w) in cases for the corresponding training week and gender.
We use a standard Euclidean distance metric to compute this sim-
ilarity. Then, we compute the similarity-weighted mean of the
marathon times for the k most similar cases to use as the predicted
time for r . This baseline is similar to the single-week approach used
by [Feely et al. 2020].

2.4.2 Feature Selection (FS).. One of the shortcomings of the base-
line is that oftentimes prediction accuracy can decrease in higher
dimensional spaces [Bellman et al. 1957] and the baseline uses ev-
ery feature to determine similarity even though some features (e.g.
longest run distance or fastest 10km pace or number of sessions
per week) may be more or less relevant during different weeks of a
training programme. Accordingly, in this variant we use a forward,
sequential feature selection procedure [Hocking 1976] to select a
subset of relevant features for a given week of training. In addition
to improving prediction accuracy, this approach has the potential
to improve the interpretability or explainability of predictions and
recommendations, since they are based on a smaller set of features
that can be ranked by importance.

2.4.3 Multi-week Features (MW).. Our final variation is a response
to the criticism that the approach so far is limited to the use of
information about a single week of training; that is, the prediction
for week w − 1 is based on the training in week w . The work of
[Feely et al. 2020] addressed this by using an ensemble approach
to combine the previous 4 weeks of training, but this made predic-
tions and recommendations even harder to explain, because now
they were based on multiple weeks of training, each with its own
complex set of features. In this work, we propose an alternative
by including the finish-time predictions from previous weeks as
additional features for the current week, as per Equation 3. Then,
prediction proceeds using the feature selection variant with the
expanded feature sets F ′(r ,w)

F ′(r ,w) = F (r ,w) ∪ {MT (r ,w ′)∀w ′ > w} (3)

2.5 Task 2: Training Plan Recommendation
The goal of the training plan recommendation task is to recommend
next week’s training to r based on their current week of training and
a modified marathon finish-time,MT ∗ δ . For example, if training

has been going well then a runner may wish to explore the training
requirements associated with a finish-time that is 2% faster than
their current goal timeMT , hence the adjusted goal-time isMT∗0.98.
Or if training has been proceeding poorly, then they may need to
adjust their expectations and seek training advice for a slower
finish-time (δ > 1).

This time we use a two-step CBR process. First we select the
k nearest neighbours (nn) to the query case, based on F ′(r ,w),
from the subset of week w cases that are within 5 minutes less
than (greater than) r ’s modified finish-time if this time is less than
(greater than) their predicted time; these k nearest neighbours have
had a similar week w to our query runner but their subsequent
marathon times are close to the revised goal-time, and as such we
can expect their next training week to be broadly suitable for the
query runner. Rather than recommend one of these training weeks
to the query runner, we instead produce a new pseudo case from
these k similar cases. The features of this pseudo case, F ′(nn,w),
are the average of the features of the nearest neighbours and these
are used to select a single best nearest neighbour to use as the basis
for next week’s training sessions. If instead we had selected the
single-best neighbour in step one then we would run the risk of
recommending an unrepresentative next week of training if, for
example, the nearest runner had a down-week, as is often the case
with training programmes.

3 EVALUATION
3.1 Data & Methodology
This evaluation uses an anonymised, real-world dataset of 1.5 mil-
lion training activities for 21,840 runners of the Dublin, London,
and New York marathons during the period from 2014-2017; The
dataset was made available to the authors through a data-sharing
agreement with the popular mobile fitness application, Strava. The
data collected by Strava consists of timing and elevation data for
the individual training sessions completed by users as collected
by off-the-shelf wearable sensors, smartwatches, and smartphones,
which are now commonplace. For the purpose of this evaluation we
focused on the 4,810 female runners with finish-times between 3
and 5 hours and the 15,120 male runners with finish-times less than
5 hours since there were few slower runners, and few quicker fe-
male runners that made accurate race-time predictions and training
plan recommendations difficult.

The race-time prediction evaluation used a standard 10-fold
cross-validation approach, using 10% of cases as test problems and
the remaining 90% as cases to use for prediction, comparing the
predicted finish-time to the actual finish-time to compute an aver-
age RMSE (measured in minutes); in what follows we describe the
RMSE results for k = 15, which was found to be the point of error
stabilisation for the three prediction variants (B, FS, and MW ).

Recommending training plans represents a more challenging
evaluation. Ideally it requires a live-user trial, with real runners
responding to the advice. However, this is beyond the scope of this
short paper. As an alternative we provide a preliminary proof-of-
concept style evaluation that attempts to determine the reasonable-
ness of the recommendations.



3.2 Prediction Error
A key benefit of the approach described is that it accommodates
race-time predictions throughout a training programme and the key
questions for evaluation are: (a) how accurate are these predictions;
and (b) how do they evolve as training progresses. The predictions
should be as accurate as possible but accuracy should also improve
as training progresses.

To test this, in Figure 1 we present the RMSE for predictions
made during each week of training for the different algorithms. In
all cases, prediction error decreases as training progresses and from
week 13 the MW approach consistently beats all others; as training
progresses the differences in RMSE between the MW approach
and the others becomes statistically significant based on a one-
sided t test with p<0.01. Since the purpose of this work is to extend
[Feely et al. 2020] by finding an accurate prediction model that
acts more like a single week model, it is worth noting that the
MW approach in this work performs significantly better than the
single week approach in the previous work, while performing as
well as the best ensemble approach presented. Note that there
is a small increase in error for all but the MW approach in the
last two weeks of training. This is likely due to the taper effect
in marathon training, where runners are advised to significantly
reduce their training intensity in the 2-3 weeks before race-day,
for recovery. This clearly has a negative impact on finish-time
predictions, except for the MW alternative, presumably due to the
fact that it retains information from non-taper weeks. Another
benefit of the approaches described is that they facilitate a form
of explanation so that the target runner can better understand the
basis for their finish-time prediction. For example, the system can
provide the following output accompanying a predicted race-time
of 275 minutes: "This race-time was calculated based on 15 runners
that had similar training to you and achieved race-times in the
range 260-290 minutes." The same upper and lower values as well
as average values for important training features can also be given.

3.3 On the Reasonableness of
Recommendations

As discussed, it was not feasible to conduct a live-user trial of train-
ing recommendations, although this is planned for the future. A
recommended training week would ideally resemble the prototype
in Figure 2a, based on a runner’s current training and their revised
goal-time: in this case, for a 3:45 marathon goal-time the runner is
recommended a 5-session week consisting of easy, recovery runs
and more challenging interval and temp sessions, plus a weekend
long run, each with a prescribed duration and pace. As an alterna-
tive to a live-user trial we consider an offline evaluation of the rea-
sonableness of recommendations by comparing the recommended
training weeks when a runner requests a slightly slower or faster
time than their current predicted time. We do this by comparing the
average pace of recommended next week of training to the average
pace of their default plan for next week. If their new goal-time
is faster, it is reasonable to expect that their recommended next
training week should be faster than their default week, and vice
versa.

Figures 2b and 2c show the results of this for men and women
based on different values of δ at different points in training: faster

Figure 1: The prediction error (RMSE inminutes) by training
week for (a) men and (b) women using the three single-week
variants: baseline, feature selection, andmulti-week feature

goal-time revisions (δ < 1) result in faster training recommenda-
tions (difference<0 because pacing is the inverse of speed and so
lower pacing values mean faster running) and how slower goal-
time revisions lead to slower training recommendations. We find
a similar result when we look at total weekly distance. This is ex-
pected from training recommendations but, of course, it doesn’t
necessarily mean that runners will find the specifics of the proposed
training weeks to be acceptable, hence the need for a live user trial
and further evaluation work.

4 CONCLUSIONS
This short paper builds on recent research [Berndsen et al. 2019;
Smyth 2019; Smyth and Cunningham 2017b, 2018a] on the novel
application of recommender systems to marathon running. We
describe how to use the raw training data routinely collected by
training apps such as Strava and RunKeeper to provide supports for
runners during their training. In particular, we evaluated several
variants for making finish-time predictions at any point during
training and considered the related task of recommending revised
training plans if a runner’s goal changes during training. Initial



(a)

Figure 2: (a): A sample training plan recommendation for a
runner with a goal-time of 3:45, 8 weeks from race-day. (b):
The percentage difference in mean weekly pace (mins/km)
for training plans based on adjusted goal-times MT ∗ δ for
men and for women (c) during training weeks 4, 6, and 8.
Note: δ <1 indicates that the goal-time is (1−δ )% faster than
the runner’s current predicted time.

offline evaluation results using a large dataset of 1.5M training ac-
tivities are positive: increasingly accurate predictions are produced
as training progresses, with some evidence that the revised training
plans recommended to runners are reasonable – establishing the
need for a live-user trial to follow. Lastly, exploring the related tasks
of training session classification and injury prediction would com-
plement the recommendation of suitable training plans, as would
having the plans evaluated by real marathon coaches.
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